Is more use of electricity leading to less carbon emission growth? An analysis with a panel threshold model by Boqiang Lin & Zheng Li
Energy Policy 137 (2020) 111121
Available online 22 November 2019
0301-4215/© 2019 Elsevier Ltd. All rights reserved.
Is more use of electricity leading to less carbon emission growth? An 
analysis with a panel threshold model 
Boqiang Lin *, Zheng Li 
School of Management, China Institute for Studies in Energy Policy, Collaborative Innovation Center for Energy Economics and Energy Policy, Xiamen University, Fujian, 
361005, China   
A R T I C L E  I N F O   
Keywords: 
Electricity use level 
Carbon emission 
Clean energy 
Threshold effects 
A B S T R A C T   
Electricity plays a key role in modern energy service and climate mitigation. Electricity is becoming more 
accessible and it is substituted for fossil fuel in more scenarios. Generating electricity from clean energy instead 
of traditional coal and improving the efficiency of electricity generation, transmission, distribution, and utili-
zation are making it possible for a carbon emission growth reduction. Here we explored the question of whether 
more use of electricity will lead to less carbon emission growth. Firstly, based on the panel data of 114 countries 
from 2000 to 2014, we applied a STIRPAT model and then analyzed the relationship between carbon emission 
and electricity use level with fixed effects panel model and adopted a panel threshold regression model 
considering electricity-generating source heterogeneity. The results show that electricity use level has a signif-
icant negative effect on carbon emission especially when clean energy-based electricity takes a bigger portion. 
Population, economic growth, urbanization, and industrialization have significant positive impacts on carbon 
emission. We came up with policy implications based on the results in the end.   
1. Introduction 
Climate mitigation and the energy sector, one of the most important 
contributors to climate change, have been global concerns. The social- 
economic drivers of carbon emissions include population, economic 
growth, technology, industrialization, urbanization, foreign direct in-
vestment and so on(Behera and Dash, 2017; Huang et al., 2018a; Liu and 
Xiao, 2018; Shahbaz et al., 2017; Wang et al., 2014). The world is on the 
way to deepening urbanization and industrialization, which creates 
constant pressure on climate mitigation(Huang et al., 2019b; Lin and 
Jia, 2018). Urbanization has an inverted U-shape impact on carbon in-
tensity, which means that in the early term, CO2 emission increase as the 
urbanization process goes deeper. Both urbanization and industrializa-
tion require more energy service and thus stimulate CO2 emission(Lin 
and Zhu, 2017). Electricity has been viewed to play a key role in finding 
the more cleaner, reliable and affordable energy(Labriet et al., 2012; 
Sugiyama, 2012). 
Clean energy comprises of nuclear energy and renewable energy that 
has little pollution and carbon emission. The use of clean coal, nuclear 
and renewable energy in the electricity generation process lessens the 
negative environmental impact (Milliken et al., 2007). With a systematic 
plan for the economy, electricity, energy, and environment, a 
low-carbon economy can save energy and reduce carbon emission(Hu 
et al., 2011). Though electricity makes up to around 40% of people’s 
total energy use, generating electricity leads to massive carbon emis-
sions which accounts for 37.5% of total CO2 emissions, hydropower, 
nuclear fission, biomass, wind, geothermal, solar and ocean energy 
stand a chance for carbon-free sources of electricity as innovations of 
related technologies are being developed and used(Nature, 2008). As 
shown in Fig. 1, among the world electricity generation sources, coal is 
still dominating source and gas has been increasing, oil has been 
decreasing, which means there is still a large reduction potential for 
carbon emission in the electricity producing process. And as found in 
Fig. 1, it’s a good signal that other sources including mainly renewable 
and alternative energy sources have earned some space from 1985 when 
they could barely be seen in Fig. 1, especially in the early 2000s, despite 
the huge augments of electricity production from coal and gas(BP, 
2018). 
Though there is a positive long-run relationship between electricity 
consumption as well as economic growth and CO2 emissions(Salahuddin 
et al., 2015), low carbon and a more electric future should be focused on 
if meeting the GHG emissions reduction goals will be laudable 
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(Hammond and Pearson, 2013), and with this, energy innovation plays a 
crucial role(Garrone and Grilli, 2010). It’s believed that carbon emission 
reduction potential of the global electricity industry could be up to 15% 
by 2020 compared with 2002’s(Sims et al., 2003). Carbon Sources Di-
agram(CSD) is a tool to inform electricity sector laplanners about the 
minimum low carbon and zero-carbon energy sources, and by which a 
huge amount of carbon emission decrement is estimated(de Lira Quar-
esma et al., 2018). 
The efficiency of electricity generation, transmission and utilization 
are making a smaller marginal carbon emission factor. The marginal 
emission factor (MEF) of the electricity system is reducing as state of the 
art technologies and management strategies are developed and used in 
the electricity system(Hawkes, 2010). From the electricity service-side, 
carbon emission reduction can be achieved from integrated carbon 
capture and storage, renewable and nuclear energy technologies(Ahmed 
et al., 2015; Fisher-Vanden et al., 2012; Xu et al., 2018). As for the 
electricity demand-side, electrifying transportation and heating sectors 
can show their significant contribution to carbon emission reduction 
especially when their electricity is from alternative and renewable 
energy. 
The production sources of electricity can be very different in 
different countries. Coal is still the primary fuel source for electricity 
generation in many countries, while in some other countries, natural 
gas, nuclear power, and renewable energy are becoming new alterna-
tives with lesser carbon emissions(Meier et al., 2005). In some countries, 
traditional sources are losing their domination in electricity generation 
as alternative and nuclear energy took up nearly 50% of the total energy 
use in France, 47.47% in Sweden and 42.42% in Switzerland for 
example, while in countries of abundant fossil fuels (like Saudi Arabia, 
Kuwait) or less developed countries, there is no alternative and nuclear 
energy has been used. At the same time in some other countries, there 
are obstacles even for electricity access, much less electricity production 
is needed since the electricity has nowhere to go because of 
non-consumers. As a matter of fact, there were still 12.62% of the total 
population having no access to electricity in the world in 2016, which 
means about 0.94 million people could only use primary energy in their 
daily life. As shown in Fig. 2, the population in African, Caribbean, 
southern and middle Asian have insufficient access to electricity, which 
hinders their sustainable socio-economic development. 
It was found that to implement home-based micro-generators or 
centralized renewable power plants could help to cut down the foot-
prints in the electricity sector(Alderson et al., 2012). Some scholars hold 
the opinion that renewable electricity will not necessarily contribute to 
lesser carbon emissions, while Prasad and Munch (2012) find that both 
public benefit funds and “carbon tax”, which are renewable electricity 
policies have significant positive impacts on carbon emission reduction 
in 19 American states. 
There is also evidence that carbon emission reduction can be realized 
through technological advancements in the processes of electricity dis-
tribution, transmission, and utility. For example, electric energy storage 
on a power generation unit/organic Rankine system will have a signif-
icant negative impact on net carbon emission(Mago and Luck, 2017). 
Electric equipment and facilities have higher efficiency, thus, energy can 
be saved and carbon emissions can be cut down. Powered by (or partly) 
electricity, Plug-in Hybrid Electric Vehicles (PHEVs) and Battery Electric 
Vehicles (BEVs) have been invented and used, electromobility is 
lowering greenhouse gas(GHG) emissions(Faria et al., 2013; Fern�andez, 
2019; Haque et al., 2016). With the improvements of both carbon in-
tensity and efficiency of the Irish electricity system, it is estimated that 
plug-in hybrid-electric vehicles have a 50%-reduction-potential in car-
bon intensity and primary energy requirement(Smith, 2010). Besides, 
there is still more potential for the GHG emission reduction of BEVs by 
technology innovations(Wu et al., 2018). To make more efficient use of 
wind power, smart locations of parking lots for PHEVs have been studied 
and designed(Heydarian-Forushani et al., 2016; Sadati et al., 2018). 
As the world is still on the way to deeper urbanization and indus-
trialization, energy demand and climate mitigation are still facing 
inevitable pressure. It is important to understand the relationship be-
tween electricity and carbon emission, and whether alternative and 
renewable energy have a significant impact on the interaction. 
Sugiyama (2012) used the ratio of electricity to final energy demand to 
represent the electrification rate and found that expanded use of the 
demand-side electric technologies, like BEVs, PHEVs and heat pumps 
has been the focus of many climate mitigation studies, while the impacts 
of electrification on different sectors can be really different. Electrifi-
cation should speed up and the electricity generation process should 
decarbonize. Here we used electricity use level to indicate the ratio of 
electric power consumption to energy use that we not only take into 
consideration the energy demand-side which is related to more use of 
electricity and substitution for fossil fuels but also energy service side, 
which relates with improvements of electricity generation efficiency and 
decarbonization of electricity production from clean energy. 
Former studies about the relationship between electricity use and 
carbon emission focus on sectors or city level, otherwise on scenario 
designs or predictions, we used an integrated data set of 114 countries 
and empirically analyzes the relationship between electricity use and 
Fig. 1. World electricity generation sources (% of total).  
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carbon emission as well as how it varies in the face of different electricity 
generation structures with a panel threshold model. And based on our 
results, policy implications for different countries are given. 
The following sections of this paper are: section2 presents method 
and data description, section 3 shows the empirical results of fixed ef-
fects panel data and threshold panel threshold models studying the 
impacts of electricity use level, population, urbanization, and industri-
alization on total carbon emission and carbon emission per capita 
respectively, section 4 is a discussion about the results as well as the 
current situation of electricity use level and section 5 concludes this 
paper and presents policy implications. 
2. Methodology and data 
2.1. The STIRPAT model 
We used the STIRPAT (Stochastic Impacts by Regression on Popu-
lation Affluence and Technology) model to analyze the relationships 
between carbon emission, electricity use level, and other factors. The 
STIRPAT model is derived from IPAT, a widely recognized formula for 
analyzing the impacts of human activities on environment (Stern et al., 
1992; Harrison and Pearce, 2000), has been a popular model used to 
analyze environmental impacts of population, affluence, technology and 
other drivers that have environmental influences. The basic form of the 
STIRPAT model was firstly developed by Dietz and Rosa (1994) and it is 
set as below: 
Ii ¼ aPbi A
c
i T
d
i γi (1) 
In which, I represent environment change, including energy con-
sumption and wastes emission, I is influenced by P(population), A 
(affluence), T(technology), a, b, c, and d are parameters of the whole 
model, population, affluence, technology respectively, γi is the model 
error item. Other factors can also be included in the basic STIRPAT 
model if they are conceptually appropriate for the multiplicative spec-
ification of the model (Poumanyvong et al., 2012; York et al., 2003). 
Urbanization and industrialization are frequently used to represent the 
technology effect when scholars study energy consumption and carbon 
emissions(He et al., 2017; Li and Lin, 2015; Lin and Du, 2015b; Wang 
et al., 2019). Here I represents total carbon emission or carbon emission 
per capita, P and A represent population and GDP per capita of different 
countries in different years, to represent T, urbanization and industry 
value added % of GDP are used. Besides we add an additional factor, 
electricity use level, into the model to investigate the impact of elec-
tricity use level on carbon emission. There are also scholars who used 
R&D output, patents and total factor productivity referring to 
technological effects (Huang et al., 2019a, 2018a; Li et al., 2011), 
however, there isn’t enough data completeness to make them be part of 
the analysis. 
We study the relationships between carbon emission and electricity 
use levels from two aspects of both total carbon emission and carbon 
emission per capita. So, we replaced the I in the model with total carbon 
emission (CET) and carbon emission per capita (CEP), we reshaped 
equation (1) by taking natural logarithms of both sides: 
lnCETit ¼αi þ β1lnPit þ β2lnGDPit þ β3lnIit þ β4lnUitβ4 þ β5lnELEit þ μit
(2)  
lnCEPit ¼ θi þ β6lnGDPPit þ β7lnIit þ β8lnUit þ β9lnELEit þ εit (3) 
In which, βi are parameters to be estimated, CETit , CEPit, Pit, GDPPit, 
Iit and Uit stand for total carbon emission, carbon emission per capita, 
population, gross domestic product per capita, industry value added of 
GDP and urbanization, ELE represents electricity use level, ai, θi and μit, 
εit are individual effects that do not change over time and random dis-
turbances respectively. Further descriptions of these indicators are in 
2.3. 
2.2. Panel threshold model 
The panel threshold model is popular in studies that investigate the 
relationships between factors in different groups, and the groups are 
divided by their natural characteristics instead of manual assignment 
which makes it more reasonable. There will be threshold variables and 
one or several corresponding threshold values that determine the 
different groups for all the samples. Hansen(1999) defined the basic 
form of fixed effect panel threshold model as: 
yit ¼ β1xit þ μi þ εitðqit � γÞ
yit ¼ β2xit þ μi þ εitðqit > γÞ
(4)  
Where qit is the threshold parameter, γ is the threshold value to be 
estimated, xit is the dependent variable, and it is unrelated to the 
disturbance item εit , μi is the individual intercept term. The basic idea of 
threshold regression is to find the threshold γ, which makes the mini-
mum sum of residuals of the regression. It starts from a given value of γ, 
then the model is transformed into a linear model, and the equation is 
estimated by OLS, we can estimate ​ bβðγÞ and SSRðγÞ. As we repeat the 
processes with different values of γ constantly, we will find the value of γ 
that makes the minimum SSRðγÞ, where the value of γ is threshold and 
bβðγÞ is the estimated value of the parameter. To test whether there are 
threshold effects and the number of thresholds, we can use Wald tests, 
Fig. 2. Access to electricity (% of population) in 2016.  
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whose statistics obey F distribution. Besides, we can determine the 
confidence interval of the threshold by the likelihood ratio test statistic 
proposed by Hansen(1999). Lin and Du(2015) used a fix-effects panel 
threshold model to estimate the impact of urbanization on energy con-
sumption in the transport sector of different cities with different wealth 
levels in China. Huang et al. (2018a) used the panel threshold model to 
investigate the impact of foreign innovations on energy intensity. By 
using panel threshold model, we can divide our data into different 
groups with estimated threshold values which is more reasonable than 
manual assignments, and we can find whether there are threshold effects 
and if are there, the model would help us to observe the differences in 
divided groups. 
2.3. Data description 
We use panel data of 114 countries around the world from 2000 to 
2014. The data used for the study include total CO2 emissions (CET), 
CO2 emissions per capita(CEP), Population (P), GDP per capita (GDPP), 
Industry (including construction) value-added of GDP (I), Urban popu-
lation of total (U), Electric power consumption, Energy use, besides we 
gathered data of electricity production from clean energy of total (CLE) 
including hydropower and nuclear, geothermal, and solar power which 
does not produce CO2. The panel threshold model requires a balanced 
panel data. There is incomplete data on carbon emissions for most of the 
countries before 2000 and no data after 2014. And for some countries 
there isn’t complete statistical data. Due to the limitation of data 
completeness and the requirement of the panel threshold model, we 
decided to use a balanced panel data of 114 countries from 2000 to 
2014. All the collected data are from the World Bank Open Data. Further 
descriptions of the data are shown in Table 1. 
It is the ratio of electric power consumption to energy use that we 
used to represent electricity use level (ELE). In the unit conversion we 
used 1 kg of oil equivalent ¼ 41,868 kJ and 1 kWh ¼ 3600 kJ. Electricity 
comes from both fossil fuel and alternative and nuclear energy, so 
changes of ELE can represent developments of clean energy as well as 
fossil fuel generator efficiency. ELE increases as more electricity is being 
used instead of using fossil fuels directly in the energy end-use and it also 
indicates the possibility that there is more clean energy converted into 
electric power. For instance, it may indicate the substitution of electric 
power for fossil fuels, using PHEVs and BEVs instead of petrol-powered 
cars, which leads to a carbon intensity decrease. The statistical charac-
teristics of factors studied in this paper are listed in Table 2. 
As shown in Table 3, the correlation coefficients between the inde-
pendent variables and the dependent variables are relatively high that 
they are correlated. The correlation coefficients of independent vari-
ables are basically below 0.3, and the correlation coefficients of ur-
banization, GDP per capita and electricity use level is slightly greater 
than 0.5. Besides, almost all of the coefficients estimated in the following 
regression analysis are significant. Therefore, the models used for 
analysis won’t be involved in the obvious multicollinearity problem. 
3. Empirical results 
3.1. Empirical tests and results 
We first used the fixed effects panel model and random effects panel 
model to make the regression, estimating how the electricity use level, 
population, urbanization and industrialization impact on total carbon 
emissions and carbon emission per capita. We also carried out the 
Hausman-test to determine the more proper model for the estimation. 
The empirical results show in Table 4. All the estimated parameters of 
each variable show the same positive/negative attributes. In all the 
models, population, economic growth, urbanization, and industrializa-
tion have positive impacts on carbon emission, while electricity use level 
has negative impacts on carbon emission. 
The Hausman-test of the fixed effect and the random effect model 
found that the Hausman test rejected the random effects model in all the 
groups of models. From the regression results in Table 4, we can see that 
the fixed-effect model or the random-effect model has obvious differ-
ences in the estimation results of the model coefficients, which is re-
flected in the size and significance of the estimated parameters. 
Therefore, it is more reasonable to use the fixed-effect model to estimate. 
The regression results in Table 4 show that under the fixed-effect 
model, the electricity use level has a significant negative effect on 
both the total carbon emissions and per capita carbon emissions. For 
every increase in electricity use level, the total amount of carbon 
emissions and per capita carbon emissions are reduced. And population, 
economic growth, urbanization, and industrialization have positive 
impacts on carbon emission, among which urbanization has the biggest 
impacts reaching as much as 1.47. Urbanization is a comprehensive 
process that contains complex economic, social and environmental 
changes that drive energy consumption and carbon emission (Lin and 
Du, 2015b). 
In addition, when the model controls the time variable, the joint F 
test of most annual dummy variables strongly rejects the null hypothesis 
of “no time effect”, so it is more reasonable to include the time effects in 
the model. Considering time effects, the estimated parameters of pop-
ulation, GDP/GDPP and urbanization become bigger, while that of 
industrialization becomes smaller. It can be seen from the model results 
that the population size and urbanization level are the two most 
important factors affecting carbon emissions, and the elasticity is 
significantly higher than other factors, which can reach 0.86 and 1.47 
respectively. Both urbanization and industrialization have a significant 
positive impact on carbon emissions, which is consistent with many 
studies(Fisher-Vanden et al., 2012; Li and Lin, 2015; Wang et al., 2016). 
Table 1 
Data description.  
Factor Description ad unit 
CO2 emissions CO2 emissions include CO2 produced during 
consumption of solid, liquid, and gas fuels and gas 
flaring. (kt) 
Energy use Energy use refers to use of primary energy before 
transformation to other end-use fuels. (kg of oil 
equivalent per capita) 
Electric power 
consumption 
Electricity consumption measures the production of 
power plants and combined heat and power plants less 
transmission, distribution, and transformation losses 
and own use by heat and power plants. (kWh per 
capita) 
Electricity production from 
clean energy 
Electricity production from renewable sources, 
including hydroelectric, geothermal, solar, tides, 
wind, biomass, and biofuels. (%) 
GDP Gross domestic product, data are in constant 2010 U.S. 
dollars. 
Population Total population counts all residents regardless of 
legal status or citizenship that consume energy. 
Urban population of total Urban population refers to people living in urban 
areas. We use urban population portion to represent 
urbanization level. (%) 
Industry value added of 
GDP 
It comprises value added in mining, manufacturing, 
construction, electricity, water, and gas. (%)  
Table 2 
The statistical characteristics of factors.  
Variable unit Mean Std. dev. Min Max N 
CET million t 171.7 554.9 0.576 5790 1710 
CEP kt 4.939 4.869 0.0170 35.68 1710 
ELE % 12.54 6.200 0.409 38.48 1710 
CLE % 39.98 33.26 0 100 1710 
GDPP thousand USD 15.43 19.71 0.194 112.0 1710 
P million person 41.45 117.7 0.281 1294 1710 
U % 62.22 20.31 13.40 100 1710 
I % 28.71 11.64 6.717 84.80 1710  
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3.2. Panel threshold regression results 
Empirical results tell the significant negative impacts of electricity 
use level on carbon emission, what we want to know is that whether the 
impacts are mainly from the higher efficiency of electricity to meet the 
energy need for people when electricity serves as substitution for pri-
mary, especially fossil fuels or they are mainly from the larger use of 
alternative and nuclear energy as the electricity power generating 
sources. We assume that the electricity production structure is the main 
reason for the negative impacts, that the impact of electricity use level 
on carbon emission varies as electricity generating sources are different 
in different countries. If the relationships between ELE and carbon 
emission change obviously as electricity production sources structure 
changes, we can determine our assumption. We used a threshold panel 
model(Hansen, 1999) to investigate whether there are different re-
lationships between electricity use levels and carbon emission among 
different groups. 
In this paper, the permutation regression method is used to search 
the threshold value. After the threshold estimation value is obtained, we 
use the bootstrap method to simulate the LM test to investigate the 
gradual distribution of the F statistics and its critical value (the process 
was repeated 3000 times), after which, we check whether there is a 
threshold effect. And with the use of the corresponding likelihood ratio 
statistics, we determine whether the threshold estimate is consistent 
with the true value when the threshold effect exists. However, the above 
steps assume that there is only a single threshold in the model, and it is 
likely that two or more thresholds exist. Therefore, in the empirical 
analysis, the above steps must be repeated to find the second and even 
more thresholds. Table 5 shows the results of the thresholds search. 
As shown in the table, both the total carbon emission model and 
carbon emission per capita model reject the hypothesis that there is no 
threshold or there is a single threshold, while the hypothesis that there 
are double thresholds isn’t rejected. According to the results, we used a 
double thresholds model, thus, the models are set as below: 
lnCETit ¼ αiþ β1lnPit þ β2lnGDPit þ β3lnIit þ β4lnUit
þ β5lnELEit ⋅ IðCLEit � γ1Þþ β6lnELEit ⋅ Iðγ1 <CLEit � γ2Þ
þ β7lnELEit ⋅ IðCLEit > γ2Þ þ μit
(5)  
lnCEPit ¼ θi þ β8lnGDPPit þ β9lnIit þ β10lnUit
þ β11lnELEit ⋅ IðCLEit � τ1Þþ β12lnELEit ⋅ Iðτ1 <CLEit � τ2Þ
þ β13lnELEit ⋅ IðCLEit > τ2Þ þ εit
(6) 
And the regression results are shown in Table 6, TM represents the 
panel threshold model. The samples are divided into three groups with a 
lower and an upper threshold value under the double-threshold model, 
and lnELE0, ​ lnELE1, ​ lnELE2 are parameters for the group whose clean 
electricity generation ration is below the lower threshold value, between 
the lower and upper threshold value and above the upper threshold 
value, respectively. 
Under the double-threshold model of total carbon emissions and per 
capita carbon emissions, we have two thresholds for clean energy gen-
eration, which are 12.70% and 39.50%, respectively. From the 
Table 3 
The correlation coefficients of variables.   
CET CEP P GDPP U I ELE 
CET 1       
CEP 0.3325 1      
P 0.4745   0.0576 1     
GDPP 0.1967 0.7177   0.0754 1    
U 0.1314 0.5692   0.1722 0.5733 1   
I   0.0187 0.1514 0.0064   0.102 0.0895 1  
ELE 0.0622 0.3542   0.1105 0.5384 0.5628   0.2248 1  
Table 4 
Estimation of fixed and random effects panel models.   
Total carbon emission Carbon emission per capita 
FE RE FE RE FE RE FE RE  
0.427*** 
(15.574) 
0.476*** 
(18.710) 
0.742*** 
(20.223) 
0.635*** 
(21.765) 
0.427*** 
(15.511) 
0.475*** 
(18.762) 
0.604*** 
(17.400) 
0.589*** 
(21.103) 
lnP  1.170*** 
(21.699) 
1.012*** 
(35.538) 
1.600*** 
(25.624) 
1.170*** 
(36.565) 
– – – –  
0.905*** 
(8.136) 
1.042*** 
(11.449) 
1.199*** 
(10.940) 
1.249*** 
(13.647) 
1.073*** 
(10.936) 
1.049*** 
(11.726) 
1.471*** 
(13.507) 
1.272*** 
(13.881)  
0.225*** 
(6.599) 
0.221*** (6.535) 0.082** (2.324) 0.136*** (3.958) 0.223*** 
(6.522) 
0.221*** (6.542) 0.141*** (3.962) 0.159*** (4.643)  
  0.098*** 
(  3.294) 
  0.055* 
(  1.932) 
  0.110*** 
(  3.840) 
  0.039 (  1.387)   0.080*** 
(  2.719) 
  0.054* 
(  1.889) 
  0.061** 
(  2.090) 
  0.027 (  0.975) 
Time effects – – Control Control – – Control Control 
Cons 4.471*** 
(  11.394) 
  4.803*** 
(  13.646) 
  6.692*** 
(  15.996) 
  6.003*** 
(  16.526) 
4.756*** 
(  12.419) 
  4.803*** 
(  13.658) 
  6.397*** 
(  14.907) 
  5.705*** 
(  15.831) 
Hausman- 
Test 
0.000 0.000 0.000 0.000 
Obs 1710 1710 1710 1710 1710 1710 1710 1710 
R2 0.546 – 0.583 – 0.298 – 0.321 – 
F(Wald) 435.430 – 132.907 – 210.258 – 52.227 – 
Notes: ***/**/* indicates that the variables are statistically significant at the level of 1%, 5%, and 10%, respectively. 
Table 5 
Threshold effects tests of clean electricity production of the total.   
H0 H1 SSR  LM statistic Accept or reject H0 
CET None Single 29.446 65.95 (0.0070) Reject 
Single Double 28.666 46.15 (0.0520) Reject 
Double Triple 28.122 32.81 (0.4687) Accept 
CEP None Single 29.577 69.14 (0.0077) Reject 
Single Double 28.770 47.58 (0.0423) Reject 
Double Triple 28.218 33.13 (0.4640) Accept  
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regression results, we can see that the elasticity coefficients of popula-
tion, income level and industrialization level to the carbon emissions 
have slightly reduced while the impact of urbanization on carbon 
emissions has become larger when considering the difference in the 
proportion of electricity generation from clean energy power. The 
advancement of urbanization will increase both the total carbon emis-
sions and per capita carbon emissions. As the proportion of clean energy 
generation increases, the impact of electricity use level on carbon 
emissions is increasingly negative and the impact is becoming more 
significant. When the proportion of clean electricity generation is below 
12.70%, the impact coefficient of electricity use level on carbon emis-
sions is negative but not significant. When this ratio increases to be-
tween 12.70% and 39.50%, electricity use levels shows its significant 
negative impact on total carbon emissions. It has become remarkable 
that when clean energy generation accounts for more than 39.50%, the 
level of electricity use has a significant negative impact on both total 
carbon emissions and per capita carbon emissions. It tells us that it’s the 
clean electricity generation instead of electrification in the energy 
demand-side that is more important in climate mitigation from the 
empirical results in our study period. 
4. Discussion 
To fully take advantage of decarbonized electricity, we have to make 
electricity to become the dominant energy instead of petroleum prod-
ucts in most parts of the world, and fine electricity systems are one of the 
vital requirements. Electrified infrastructures require massive and last-
ing investments, roles of governments, markets, carbon pricing/taxing, 
R&D and so on needs to be planned and the process can be very difficult 
systematically (Williams et al., 2012). 
Electricity-based steam and heat production in the ceramic industrial 
sector and heat pumps are the most cost-effective electric technologies 
to make contributions to decarbonization (Fortes et al., 2019). Electri-
fied transportation is also an important part of decarbonizing in the 
energy demand-side. The substitutions of electric vehicles for internal 
combustion powertrains can be an even better idea for climate mitiga-
tion if the electric power is from renewable energy(Fern�andez, 2019). 
Nowadays, to use renewable energy as the primary source for electric 
power generation is becoming more and more realizable. 
Renewable energy is becoming a more stable source for grid elec-
tricity generation as there are many signs of progress made in converter 
and controllers technologies(Shahnazian et al., 2018). Many countries 
are putting efforts in renewable energy utilization and electricity system 
revolution. For example, New Zealand set an ambitious goal, 90% 
renewable energy, for the electricity sector to meet by 2025 in order to 
reduce GHG, and the country is reaching for it by exploiting wind, hydro 
and geothermal(Atkins et al., 2010). 
As proved in the previous study, electrification has positive impacts 
on climate mitigation and the impacts become stronger as more elec-
tricity production comes from nuclear and renewable energy. 
Electricity-generating structures can be different in different countries 
as well. Shown in Fig. 3, in the year 2014, there are many European 
countries with Canada having over 39.5% of total electricity production 
from clean energy, some countries in South America and Africa with 
abundant hydropower have made use of their resource endowment too. 
While the worlds’ biggest electricity consumers like the United States of 
America, Australia, and China were in the lower class of clean electricity 
production, which portion was between 12.70% and 39.50%. It in-
dicates the huge potential for these countries to take advantage of clean 
energy and help to climate mitigation. 
There are several possible obstacles to the promotion of electricity 
use levels. For the electrification of the transportation sector, the main 
obstacle is the high cost of electric vehicles(Sugiyama, 2012), thus, in-
novations that help to reduce the cost of electrification should be 
encouraged. For clean electricity production, renewable energy en-
dowments can be very different, thus, it’s harder to increase electricity 
production from renewable energy for countries with less renewable 
energy resources. To develop renewable energy is not just about 
decarbonizing. The economic benefits of renewables need to be fully 
explored and the potential could also be a chance contributing to the 
income and welfare for labor from renewable energy sectors and their 
families, which is also an incentive. 
5. Conclusion and policy implication 
We used data from 114 countries from 2000 to 2014, investigated the 
impacts of electricity use level, population, urbanization, and industri-
alization on carbon emissions. We followed the fixed effects panel model 
as all the Hausman tests reject random effects panel model. The results 
of the fixed effects panel model show that electricity use level has a 
significant negative impact on carbon emission while population, ur-
banization, and industrialization have significant positive impacts on 
carbon emission. Then we took electricity production from clean energy 
of the total into consideration, and used double thresholds panel model 
divided the samples into three groups and found that the negative 
impact of electricity use level on carbon emissions is bigger and more 
significant when the electricity production from clean energy of the total 
grows bigger, and population, urbanization, and industrialization still 
show their significant positive impacts on carbon emission. We esti-
mated the impacts on both total carbon emission and carbon emission 
per capita with the fixed effects panel model and the threshold panel 
model, and they show quite similar results that present robustness of the 
conclusion. As the population is becoming larger and urbanization and 
industrialization process is going deeper, energy supply and carbon 
mitigation are facing intense pressure, thus, it’s important to highlights 
the promotion of electricity use level and clean electricity production as 
they help to mitigate climate change. According to the results, we have 
policy implications to state as below. 
Firstly, to increase electricity use level, constructions of the facilities 
of electric power generating, transmitting, distributing and storage are 
vital foundations. As in some parts of the world, the accessibility to 
electricity is still poor, more advanced electric infrastructures need to be 
built with investments from home and abroad in order to help in fully 
stimulating the potential of environmental and economic benefits of 
electricity use. Some less electrified countries suffer from high economic 
and environmental cost of electricity because of their low level of 
technology, the advanced countries in electrification should help the less 
Table 6 
Regression results of the double thresholds model.   
CET CEP 
FE TM FE TM  
0.427*** 
(15.574) 
0.410*** 
(15.38) 
0.427*** 
(15.511) 
0.409*** 
(15.33)  
1.170*** 
(21.699) 
1.13*** (21.50) – –  
0.905*** 
(8.136) 
1.00*** (9.27) 1.073*** 
(10.936) 
1.13*** 
(11.88)  
0.225*** 
(6.599) 
0.219*** (6.59) 0.223*** 
(6.522) 
0.217*** 
(6.54)  
  0.098*** 
(  3.294) 
–   0.080*** 
(  2.719) 
–  
–   0.001 (  0.02) – 0.015 (0.50)  
–   0.055* 
(  1.85) 
– -.040 (  1.38) 
lnELE2  –   0.112*** 
(  3.89) 
– -.099*** 
(  3.48) 
Cons 4.480*** 
(  11.423) 
  4.793*** 
(  12.56) 
4.756*** 
(  12.419) 
  5.011*** 
(-13.49) 
Obs 1710 1710 1710 1710 
R2 0.753 0.604 0.298 0.388 
F 435.390 207.03 210.258 167.78 
Notes: ***/**/* indicates that the variables are statistically significant at the 
level of 1%, 5%, and 10%, respectively. 
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electrified countries build electricity generation, transmission, distri-
bution facilities to provide affordable and cleaner access to modern 
energy service and help to improve social, economic and environmental 
performances(Nouni et al., 2008; Winkler et al., 2011). 
Secondly, to increase electricity use level, we need to convert pri-
mary energy into electric power in a more efficient way. So, we need to 
pay more attention to developing advanced energy technologies. 
Though government R&D spending doesn’t have a significant effect on 
energy innovation, spending on public energy R&D has helped to 
improve energy efficiency at the country level, and public energy has not 
been successful in boosting the decrease of carbon factor and carbon 
intensity. More attention should be paid not only on energy efficiency 
but also on low-carbon technologies, more investments should go to 
emerging and immature clean electricity technologies (Del Río, 2011; 
Garrone and Grilli, 2010). Besides, governments should take re-
sponsibility to guide residents to use efficient electronics, promote the 
usage of renewable energy. Governments should invest more in the 
green energy industry and motivate more households and firms to use 
low/zero-carbon electricity and efficient equipment and facility(Lin and 
Du, 2015a). 
Thirdly, as the electricity production from clean energy of the total 
grows bigger, the negative impact of electricity use level on carbon 
emissions become bigger and more significant, to reach the goal of 
carbon emission reduction, countries need to encourage the use of 
alternative and nuclear energy in the electricity generation process. 
Besides, implementing renewable energy-based CDM projects isn’t al-
ways easy as households could have a strong preference for specific 
types of renewable energy such as wind and solar and are against nu-
clear energy, in other words, it depends much on the socio-economic 
characteristics of the households in the communities(Cicia et al., 2012). 
Finally, climate mitigation is the duty of all the countries, which 
means it’s a better choice to carry out international cooperation work for 
hindering climate change. Technology is a key factor in carbon intensity 
reduction, promoting R&D and Foreign direct investments will help to 
make progress in technological development(Huang et al., 2018b). As 
discussed in Section4, countries are different in renewable energy en-
dowments and energy technology level. International cooperation 
should help renewable energy-abundant countries to exploit their 
hydro, wind or geothermal energy, help renewable energy-deficit 
countries to build nuclear power plants or improve their efficiency, 
and help all the countries’ electric facilities construction and 
energy-demand sectors’ electrification. The cooperations can possibly 
be realized through practical ways, the One Belt One Road for example. 
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